Social networks pervade our everyday lives: we interact, influence, and are influenced by our friends and acquaintances. With the advent of the World Wide Web, large amounts of data on social networks have become available, allowing the quantitative analysis of the distribution of information on them, including behavioral traits and fads. Recent studies of correlations among members of a social network, who exhibit the same trait, have shown that individuals influence not only their direct contacts but also friends' friends, up to a network distance extending beyond their closest peers. Here, we show how such patterns of correlations between peers emerge in networked populations. We use standard models (yet reflecting intrinsically different mechanisms) of information spreading to argue that empirically observed patterns of correlation among peers emerge naturally from a wide range of dynamics, being essentially independent of the type of information, on how it spreads, and even on the class of underlying network that interconnects individuals. Finally, we show that the sparser and clustered the network, the more far reaching the influence of each individual will be. Human societies are embedded in complex social networks on which information flow-associated with traits such as emotions, behaviors, ideas, or fads-is ubiquitous [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] . What determines the patterns observed has become extremely valuable, with applications extending to all areas of human activity. Several studies have focused on the role played by social networks on the spread of information between individuals, by making use of email and blog databases and online social networks such as Twitter [11, 12] and Facebook [6, 7] . Such empirical studies have shown how social networks affect the propagation of health issues [13, 14] In what concerns the correlation patterns observed, Fowler and Christakis [22] [23] [24] [25] recently proposed a three degree of influence rule based on the statistical analysis of the Framingham Heart Study database, from which a social network was inferred. Correlations among individuals were analyzed for traits as diverse as smoking habits, alcohol consumption, loneliness, obesity, cooperation, or happiness. These correlations reflected the relative increase in probability-when compared with a random arrangement -that two individuals share the same trait as a function of the network distance, defined as the smallest number of links connecting those individuals in the network [see Fig. 1(a) ]. They found that similar and nontrivial correlations emerge from distinct traits and persist in the period studied, suggesting the validity of a three degrees of influence on social networks. In other words, not only our "friends" but also our friends' friends together with their friends exhibit a positive correlation of traits. More recently, analysis of cooperation on social networks of hunter-gatherers revealed a degree of influence of 2 [26] .
Human societies are embedded in complex social networks on which information flow-associated with traits such as emotions, behaviors, ideas, or fads-is ubiquitous [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] . What determines the patterns observed has become extremely valuable, with applications extending to all areas of human activity. Several studies have focused on the role played by social networks on the spread of information between individuals, by making use of email and blog databases and online social networks such as Twitter [11, 12] and Facebook [6, 7] . Such empirical studies have shown how social networks affect the propagation of health issues [13, 14] , ideas [15] , criminal behavior [16, 17] , economic decisions [18, 19] , school achievement [20] , and cooperation [21, 22] , among other human traits.
In what concerns the correlation patterns observed, Fowler and Christakis [22] [23] [24] [25] recently proposed a three degree of influence rule based on the statistical analysis of the Framingham Heart Study database, from which a social network was inferred. Correlations among individuals were analyzed for traits as diverse as smoking habits, alcohol consumption, loneliness, obesity, cooperation, or happiness. These correlations reflected the relative increase in probability-when compared with a random arrangement -that two individuals share the same trait as a function of the network distance, defined as the smallest number of links connecting those individuals in the network [see Fig. 1(a) ]. They found that similar and nontrivial correlations emerge from distinct traits and persist in the period studied, suggesting the validity of a three degrees of influence on social networks. In other words, not only our "friends" but also our friends' friends together with their friends exhibit a positive correlation of traits. More recently, analysis of cooperation on social networks of hunter-gatherers revealed a degree of influence of 2 [26] .
Here, we investigate the degree of peer influence that emerges from different dynamical processes representative of a plethora of phenomena occurring in networked populations-the spread of cooperative strategies, opinions, and diseases. Individuals are assigned to nodes of a complex network, whereas links between them represent interactions. We show that, for each network class considered, different processes often lead to the same degrees of influence, suggesting that peer influence is insensitive to the process at stake. On the other hand, we find that simple topological properties of the underlying networks, such as the average connectivity (hki) and the clustering coefficient, ultimately determine the number of degrees of influence observed, which systematically falls between 3 and 2, in agreement with the results stemming from empirical analyses of correlations in present [22] [23] [24] [25] and past [26] social networks.
We start by studying the evolutionary dynamics of cooperation [5, 27] , modeled as peer-to-peer interactions by means of the famous Prisoner's Dilemma (PD) metaphor [27] . The word dilemma in the PD stems from the decision conflict that occurs when 2 individuals must simultaneously decide whether to Cooperate (C) or to Defect (D) towards the other. The game returns R ¼ 1 for mutual cooperation, P ¼ 0 for mutual defection, S ¼ −λ when playing C against a D, and T ¼ 1 þ λ when playing D against a C (λ > 0 measures both the temptation to defect and the fear of being cheated [28] ). The ranking T > R > P > S implies that maximizing one's own payoff leads each individual to choose D, irrespective of the decision of the other, such that the outcome will be mutual defection (pure Nash equilibrium for λ > 0). This outcome, however, is not the best for the pair, as mutual cooperation would lead to a better outcome for both of them. In the evolutionary version, the accumulated return from the interactions with all neighbors is interpreted as a measure of success (or "fitness"), such that some strategies (C or D) may become more attractive than others. We assume that individuals revise their behavior based on the perceived success of others: an individual A imitates a randomly chosen neighbor B with probability
, where f A (f B ) stands for the fitness of A (B) and β denotes the intensity of selection [29] . In the mean-field limit, in which everyone is equally likely to interact with anyone else (also known as well-mixed population approximation), this dilemma inexorably condemns cooperation to extinction [27] , a fate which may change when individuals are embedded in a social network represented by means of a graph, in which structural diversity is ubiquitous [1] [2] [3] 5, [7] [8] [9] [10] [22] [23] [24] [25] [26] 28, [30] [31] [32] [33] [34] [35] .
In practice, however, the (population) dynamics of peer influence does not need to be fitness-driven or constrained by any type of social dilemma. To investigate opinion dynamics, we adopt a variant of one of the simplest and most commonly used models of opinion formation-the Voter Model (VM)-in which an individual can be influenced by a randomly chosen neighbor to adopt the opinion of the latter with probability p ¼ 1.0 [10, [36] [37] [38] . We confirmed that lower values of p do not change the results discussed below.
Moreover, information transmission has been sometimes regarded as contagious [15, 39] , similar to the propagation of infectious diseases [10] . Hence, we also study a widely used model of disease spreading, the Susceptible-InfectedRecovered model (SIR) [40] , in which individuals can be in a susceptible (S), infected (I), or recovered (R) epidemiological state [10, 40] . An infected individual can either infect a susceptible neighbor at an infection rate α or recover and become immune at a recovery rate γ.
Given the structural diversity of social networks [2, 3, 30, 34] in which some individuals interact and/or are taken as role models more and more often than others, we investigate the role played by the distribution of the number of first neighbors of each individual (the degree distribution [2] ) and clustering [2, 35] (a measure of the number of individuals' neighbors who are also neighbors of each other) in the emerging patterns of correlations. To this end, we employ four network classes [30, 41] with increasing variance of the degree distribution and similar low levels of clustering: homogeneous and heterogeneous small-world networks and exponential and scale-free networks [2, 3, 30] . Homogeneous small-world (HoSW) networks were obtained by repeatedly swapping the ends of pairs of randomly chosen links of a regular ring. Scale-free networks were obtained combining growth and preferential attachment, following the model proposed by Barabási and Albert (BA) [2] . Exponential networks (EXP) were obtained by adopting the same algorithm, with preferential attachment replaced by random attachment [2] . Heterogeneous small-world (HeSW) networks were built adopting the limit p ¼ 1 of the Watts-Strogatz model [35] , in which all links are rewired. Results reported in the main text refer to networks with Z ¼ 10 3 (see Fig. 2 ) nodes, of the same order of magnitude of those investigated in Refs. [22] [23] [24] [25] and for which finite-size effects are nonnegligible. In the Supplemental Material [41] , we investigate in detail the behavior of correlations as a function of the network size.
Let j be the number of individuals carrying one of the traits in a population of size Z. For each dynamical process and each j=Z we determine the propensity δ n ðj=ZÞ that 2 individuals at a distance n self-organize in the same trait 
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098702-2 relative to a random distribution of traits [23, 24] . This quantity can be written as δ n ðj=ZÞ ¼ ϵ n ðj=ZÞ=ϵ rand n ðj=ZÞ − 1, where ϵ n ðj=ZÞ is the average probability that a node shares the same trait with nodes located at a network distance n and ϵ rand n ðj=ZÞ is the same quantity associated with a random distribution of traits, given by j=Z. The network distance (n) between individuals corresponds to the smallest number of links separating two nodes of a complex network, as depicted in Fig. 1(a) . Additionally, we define n c as the largest number of links (network distance) n for which δ n remains positive (n c ¼ 3 in Refs. [22] [23] [24] [25] and n c ¼ 2 in Ref. [26] ).
To obtain ϵ n ðj=ZÞ we compute, for each network configuration, the average fraction of nodes that exhibit the same trait at a distance n. Hence, for each dynamical process, ϵ n ðj=ZÞ results from averaging over 10 6 independent network configurations. For the PD and VM processes, simulations where carried out starting from random configurations of traits; configurations included in the average were extracted after a transient of 10 3 generations (1 generation ¼ Z iterations). For the SIR process, each simulation was started with a single I in a population of S; α and γ where defined such that the population would often reach a state with no Is left (Supplemental Material [41] ).
The upper panels of Fig. 2 illustrate the normalized correlation values δ n =δ 1 , which as shown in Fig. 1(b) are approximately independent from j=Z, obtained for the SIR dynamics in HoSW, HeSW, EXP, and BA networks. We observe that, regardless of the network topology, n c ¼ 3 as in Refs. [22] [23] [24] [25] [26] . Similar trends are also obtained for the two other dynamical processes introduced above (Supplemental Material [41] ). This is shown in the lower panels of Fig. 2 , which also show how the critical network distance (n c ) stabilizes at n c ¼ 2 with increasing network connectivity (e.g., hki), independently of the network structure, cluster coefficient, and dynamical process (see also the Supplemental Material [41] ). On the contrary, deviations from this universal behavior of n c are obtained only whenever networks become very sparse, associated with the smallest values of the average connectivity. Counterintuitively, the sparser the underlying network, the more far reaching the influence of each individual will be, extending beyond the most pervasive value of 2. Needless to say, the absolute values of the correlations, depicted in the , and results in the upper panels were obtained for networks with an average degree hki ¼ 6. For larger network (and population) sizes, the negative values of the peer-influence correlation amplitudes that one obtains above n c (see upper panels) will slowly approach 0, highlighting the importance of finite-size effects in evaluating peer-to-peer processes. The reason for the negative correlation values for n > n c in finite (and small) networks is clear: at a network distance n c , most of the individuals with the same trait have been already sampled (see Fig. 2 in the Supplemental Material [41] ); thus, for larger network distances, negative correlations will inevitably build up. At any rate, it is possible to clearly identify two regions of influence separated by n c (see the Supplemental Material [41] for additional details).
upper panels, will depend on the specific model parameters but not the final value of n c .
Besides being heterogeneous, social networks often exhibit sizable levels of clustering [2] , contrary to the negligible values that characterize the ones utilized in Fig. 2 . To evaluate the impact of this property, we generate in the Supplemental Material [41] networks with arbitrary clustering for each network class [41, 42] . We show how n c remains limited between 2 and 4 for each of the three heterogeneous networks under study, irrespectively of their clustering coefficient and average degree. Nonetheless, we observe that increasing levels of clustering act to enlarge n c , mostly whenever networks are very sparse, thus sizeably increasing their average path length (Supplemental Material [41] ).
Overall, our results suggest that the extent of peer influence emerges as a natural outcome of dynamical processes on structured populations, being pervasive in a wide range of phenomena occurring in social networks. Despite the importance of social networks in defining the paths and ends of the dynamical processes they support, showing how important it is to address and understand population dynamics from a complex networks perspective [5, 10, 32, 33, 37] , the patterns of peer influence they exhibit are surprisingly independent of their structure. On the other hand, when networks are very sparse, different network properties may contribute to enlarge the sphere of influence of each individual. Our results also show how networks naturally entangle individuals into interactions of manybody nature: Indeed, social networks effectively extend, in nontrivial ways, the dyadic interactions we started from. The fact that the network distance between any two individuals in social networks is small [2, 3] and comparable to n c further enhances the significance of the present results, as they stress how our individual actions may have wide scopes and counterintuitive repercussions. 
